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Abstract

3D vision has rapidly evolved, driven by increasingly di-
verse data representations, learning paradigms, and model-
ing strategies. Yet the field remains fragmented across rep-
resentations and benchmarks, making it difficult to develop
unified perspectives on efficiency, fidelity, and scalability.
This work provides a data-centric taxonomy of 3D vision
that connects geometric representations, datasets, learning
frameworks, and applications within a single conceptual
map. We begin by analysing the principal structural rep-
resentations of 3D data—point clouds, meshes, voxels, and
3D Gaussians—along with their acquisition pipelines. We
then examine how dataset design, benchmark construction,
and supervision regimes shape recent advances, spanning
2D-supervised 3D learning, implicit neural representations,
and 4D world modeling. Through this integrative lens, we
clarify the relationships among representations, learning
paradigms, and downstream tasks in reconstruction, gen-
eration, and video modeling, offering a consolidated view
of emerging trends toward balancing efficiency and fidelity
and toward multimodal geometric grounding.

1. Introduction

3D vision has emerged as a central pillar in modern com-
puter vision, with widespread applications in autonomous
navigation [101], robotic manipulation [94], augmented re-
ality [61, 73], and digital reconstruction [20, 68]. As sensor
technologies advance and computing resources scale, from
commodity RGB-D cameras and large-scale LiDAR cap-
ture to real-time neural rendering systems, 3D perception is
becoming increasingly practical and ubiquitous [3, 71, 173].

Unlike 2D vision, the field of 3D vision is fundamen-
tally more complex, both in its data structures and in its
learning pipelines [49, 77, 92]. It spans a wide range of
data representations, including point clouds, meshes, voxel

grids, RGB-D images, multi-view images, CAD models,
neural implicit fields, and 3D Gaussians, each with its
own structural assumptions, learning pipelines, and com-
putational trade-offs [68, 71, 98, 107, 128, 142, 148]. At
the same time, downstream tasks range from reconstruc-
tion and segmentation to pose estimation and scene gen-
eration [20, 45, 70, 82, 106]. This diversity creates a
steep learning curve for new researchers entering the do-
main [9, 38, 77].

While there exist many task-specific papers and tuto-
rials, most existing reviews remain architecture-centric,
representation-centric, or task-specific, rather than offering
a unified and data-centric view that connects data structures,
benchmark datasets, and modeling paradigms in one frame-
work [9, 38, 77, 79, 92, 111].

In this cookbook, we aim to bridge this gap by provid-
ing a unified, data-centric perspective on 3D vision. Our
contributions are threefold:
• We offer a high-level map of how 3D data are repre-

sented, stored, and processed in computers and machine
learning systems, covering major formats such as point
clouds, meshes, voxel grids, RGB-D images, CAD mod-
els, implicit fields, and 3D Gaussians within one unified
view [68, 71, 98, 107, 128, 142, 148].

• We highlight how datasets and benchmarks have not only
enabled fair evaluation but also actively shaped the evolu-
tion of 3D learning paradigms by defining data structures,
supervision formats, and scalability constraints [19, 40,
148, 166, 176].

• We situate emerging trends, such as 2D-supervised 3D
learning, neural implicit fields, and the extension of 3D
vision to 4D scene understanding and world modeling,
within a broader narrative of efficiency, fidelity, and ac-
cessibility [2, 71, 99, 100, 106, 133, 149].
By distilling the field’s complexity into a structured

map, we hope to make 3D vision more approachable, in-
terpretable, and navigable for students and practitioners en-
tering this rapidly expanding area [49, 79].

https://github.com/Hongyang-Du/awesome-3d-datasets


2. Scope of the Paper
We specify the concrete scope and positioning of this sur-
vey. Our coverage spans three core axes:
• Data Representations: We review the major data forms

in 3D vision—point clouds, meshes, voxel grids, RGB-
D and multi-view images, CAD/B-Rep models, neural
implicit fields, and 3D Gaussian—and analyze their ef-
ficiency–fidelity trade-offs.

• Datasets and Benchmarks: We explor the dataset
ecosystem across modalities and tasks, emphasizing how
benchmark design both enables progress and constrains
model development.

• Modeling Paradigms: We summarize classical
geometry-based pipelines and modern neural approaches,
including 2D-supervised 3D learning, implicit neural
fields, and 4D video/world modeling.
Our review differs from existing reviews in both scope

and perspective. Architecture-centric works [77, 92] focus
on network families but not on the dataset–representation
nexus. Topic-centric summaries [9, 38] provide depth on
one paradigm while leaving other representations discon-
nected. Task-oriented overviews [49, 79, 111, 178] offer
detailed taxonomies for individual applications but seldom
consider supervision strategies or cross-task scalability. Fi-
nally, mechanism-focused treatments [67] analyze render-
ing pipelines in isolation, whereas in our cookbook differ-
entiable rendering is treated only as one component of a
broader supervision spectrum.

3. A Taxonomy of 3D Representations
3D vision relies on diverse data representations—voxel
grids, point clouds, implicit fields, and 3D Gaussians—each
tailored to specific tasks like reconstruction and recognition.
This section categorizes these representations by structure
and efficiency and how each data type is acquired.

3.1. RGB-D
RGB-D data integrates RGB color images with per-pixel
depth maps, capturing both appearance and geometry in a
structured 2.5D format. For each pixel (u, v) in the 2D im-
age grid, the RGB value is denoted by c(u, v) ∈ R3 and
the corresponding depth by d(u, v) ∈ R. The 3D point
p = (x, y, z) can be recovered via:

p = d(u, v) ·K−1 · [u, v, 1]T

where K is the camera intrinsic matrix. This projection en-
ables efficient 2D CNN processing of 3D data with a com-
putational complexity of O(H ×W ), where H ×W is the
image resolution.

RGB-D data is typically acquired using sensors such as
Microsoft Kinect [61, 173], Intel RealSense, or Structure

Sensor. The depth map encodes the distance from the cam-
era to visible surfaces in the scene, offering structured 3D
geometry at the pixel level [126, 128, 158, 166]. Owing
to its compactness and ease of use, RGB-D has become a
widely adopted format in various 3D vision tasks, including
indoor scene understanding [5, 12, 19, 45, 50], pose estima-
tion [70, 125, 127, 135], and SLAM [20, 65, 101, 119].

3.2. Point Clouds
A point cloud is a set of discrete points in 3D space, typi-
cally captured by LiDAR, RGB-D sensors, or photogram-
metry [110]. It is defined as

{pi = (xi, yi, zi) ∈ R3 | i = 1, . . . , N}

with optional attributes like color or normals. Processing
complexity depends on the architecture: PointNet [107]
operates in O(N), while Transformer-based models like
PointTransformer [174] scale as O(N2). State-space mod-
els, such as PointMamba [81], achieve O(N) complexity
by leveraging structured state transitions.

The field began with PointNet/PointNet++ [107, 109],
which introduced point-wise and hierarchical feature ex-
traction. Since then, a wide range of methods have been
proposed for registration [1, 47, 113, 120, 162], classifi-
cation and segmentation [44, 75, 78, 91, 114, 168, 175]
using deep learning or Transformer-based architectures.
Most recently, state-space models have emerged as efficient
alternatives to Transformers. Oneformer3d [75], Point-
Mamba [81], Point Transformer [153, 154, 174] and other
works [85, 146, 172] significantly reduce computational
cost while achieving competitive or superior performance,
marking a new trend in point cloud modeling.

Point clouds can be acquired either directly or indi-
rectly. Direct acquisition uses LiDAR or RGB-D sen-
sors that measure range and back-project observations into
3D coordinates, yielding sparse outdoor scans or orga-
nized indoor point sets [3, 61, 110]. Indirect acquisition
reconstructs 3D points from image collections via SfM
and MVS/photogrammetry, and multi-view or multi-session
captures are often merged through SLAM or global regis-
tration into a common coordinate frame [20, 121, 122]. In
synthetic benchmarks, point clouds are also frequently gen-
erated by sampling surfaces from meshes or CAD models,
which provides clean geometry with controllable density
and annotations [7, 148].

3.3. Voxels
Voxel grids divide 3D space into uniform cells, each of
which can store occupancy, color, density, or semantic in-
formation [16, 142, 155]. Their regular structure makes
them naturally compatible with 3D convolutional neural
networks [14, 39, 97, 117], and they are therefore widely



(a) RGB-D (b) Multi-view Images (c) Point Cloud (d) Voxels

(e) Mesh (f) CAD (g) Implicit Field (h) 3D Gaussians

Figure 1. Various 3D representations of the Stanford bunny [137], including RGB-D, multi-view images, point cloud, voxels, mesh, CAD,
implicit fields, and 3D Gaussians. These formats illustrate the diversity of 3D data modalities commonly used in benchmarks and learning
frameworks.

used in volumetric reconstruction, segmentation, and object
modeling [8, 21, 65, 86, 131, 167].

Voxel grids discretize a 3D volume into a grid of size
N × N × N , where each voxel at position (x, y, z) is as-
signed a value v(x, y, z). For binary occupancy, this is de-
fined as:

v(x, y, z) =

{
1, if occupied
0, otherwise

For continuous attributes such as density or RGB color,
the voxel value is given by v(x, y, z) ∈ Rk, where k denotes
the dimensionality of the attribute vector.

Voxel data are rarely sensed directly. Instead, they are
typically obtained either by voxelizing meshes, CAD sur-
faces, or dense point clouds into occupancy or attribute
grids, or by volumetric fusion of multi-view depth observa-
tions in TSDF/occupancy volumes from RGB-D or LiDAR
scans aligned across viewpoints [7, 20, 30, 61, 147, 155].
Synthetic benchmarks often produce voxels by rasterizing
clean CAD assets, whereas real-scene datasets derive them
from fused sensor measurements and then optionally attach
color or semantic labels.

3.4. Meshes
Meshes provide a structured surface representation for mod-
eling 3D geometry using vertices, edges, and faces. By ex-

plicitly encoding both shape and topology, meshes are well
suited for applications such as graphics rendering, CAD de-
sign, and physical simulation [68, 69, 97, 108].

Despite their expressiveness and compactness, the irreg-
ular structure of meshes makes them challenging to pro-
cess using standard deep learning frameworks, which are
generally optimized for grid-like data. As a result, many
pipelines convert meshes to point clouds or voxels before
learning [7, 97, 107, 155]. Direct mesh networks such as
MeshCNN alleviate this mismatch, but remain more spe-
cialized than point- or voxel-based backbones [48].

Meshes are commonly acquired in several ways. Ac-
tive 3D scanners can capture multiple range images that
are aligned and stitched into polygonal surfaces [137].
RGB-D reconstruction systems instead fuse many depth
frames into a volumetric field and then extract a surface
mesh, as in KinectFusion, DynamicFusion, and BundleFu-
sion [20, 61, 102]. In photogrammetry pipelines, camera
poses and dense geometry are recovered from RGB images
via SfM/MVS, after which a mesh is reconstructed from the
resulting point cloud using surface reconstruction methods
such as Poisson reconstruction [68, 69, 121, 122]. Many
benchmark meshes are also obtained by tessellating CAD or
artist-created assets into triangles before downstream learn-
ing [7, 148].



Table 1. Summary of common 3D data representations.

Representation Structure Efficiency Fidelity Applications

RGB-D 2.5D Grid (RGB + Depth) High Medium SLAM, indoor mapping, pose
Multi-view Images 2D Views + Poses High High∗ SfM, MVS, NeRF input
Point Cloud Unstructured 3D Points High Low–Medium Detection, mapping, robotics
Mesh Vertex–Edge–Face Graph Medium High Modeling, animation, simulation
Voxel Grid Dense 3D Lattice Low Medium Volumetric CNN, segmentation
Implicit Field Neural Function f(x) Low Very High View synthesis, scene modeling
3D Gaussians Sparse 3D Gaussian Distributions Very High High Real-time NeRF-style rendering
CAD Model Parametric Surfaces (NURBS) Very High Very High CAD design, reverse engineering

∗ Fidelity refers to high visual fidelity (appearance); geometric structure must be inferred.

3.5. CAD
Computer-Aided Design (CAD) models describe 3D
shapes using smooth, mathematically defined surface
patches, most commonly through non-uniform rational B-
splines (NURBS) [29, 105]. Each CAD model consists of a
finite set of parametric patches:

M =

K⋃
k=1

Sk, Sk : [0, 1]2 → R3

with each patch parameterized by [18, 23, 105]

S(u, v) =

n∑
i=0

m∑
j=0

Ni,p(u)Nj,q(v)wij Pij

n∑
i=0

m∑
j=0

Ni,p(u)Nj,q(v)wij

,

(u, v) ∈ [0, 1]2

where Ni,p, Nj,q are B-spline basis functions, Pij are
control points, and wij > 0 are weights. [18, 23] This
formulation enables closed-form evaluation of positions,
derivatives, normals, and curvature, supporting high-fidelity
rendering, exact intersections, and robust Boolean opera-
tions. [51, 95, 104, 105]

Data acquisition: CAD data are usually acquired
through design workflows rather than direct sensing. In
industrial practice, engineers create models interactively
in CAD software, which naturally records sketches, con-
straints, feature histories, and final B-Rep/NURBS geome-
try; datasets such as Fusion 360 Gallery, SketchGraphs, and
DeepCAD expose parts of this process for learning [123,
148, 151]. Large research corpora are also assembled by
harvesting existing repositories and converting STEP/B-
Rep assets into canonical analytic patches or sequence-like
representations, as in ABC and BRep2Seq [74, 170]. When
an editable model is needed for a real object, another route
is scan-to-CAD retrieval and alignment, where images or

reconstructed geometry are matched to a parametric tem-
plate that can then be refined [43].

3.6. Gaussians Splatting
A 3D Gaussian is a continuous and compact primitive for
representing spatial density, and has recently become a pop-
ular explicit representation for neural rendering [71]. Sim-
ilar to point clouds, each Gaussian is defined by a position
µ = (x, y, z) and a covariance matrix Σ ∈ R3×3 that de-
termines its shape and orientation in space. The probability
density function is:

f(x) =
1

(2π)3/2|Σ|1/2
exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
.

To ensure Σ is symmetric and positive semi-definite, it is
decomposed as:

Σ = RSSTRT ,

where R is a rotation matrix and S is a diagonal scaling
matrix. In addition to geometry, each Gaussian carries:
• Opacity α, which controls how transparent the Gaussian

appears.
• Spherical Harmonics (SH) coefficients, which model

view-dependent color and enable realistic shading.
Each 3D Gaussian is typically initialized from an SfM
point cloud [35, 71, 121], with position µi, unit covariance
Σi = I , opacity αi = 1, and SH color ci from the RGB
value. During training, parameters are optimized via gradi-
ent descent to minimize the rendering loss Lrender:

θ
(t+1)
i = θ

(t)
i − η · ∇θiLrender,

where θi ∈ {µi,Σi, αi, ci}.
Gaussian-splatting data are typically acquired from cali-

brated multi-view RGB images or videos rather than from a
dedicated sensor. The standard pipeline first estimates cam-
era poses and a sparse point cloud via SfM, optionally den-
sifies geometry with MVS or depth priors, and then opti-
mizes Gaussian positions, covariances, opacities, and colors



against photometric rendering losses [71, 121, 122]. Re-
cent methods reduce or remove the dependence on a full
SfM/COLMAP-style initialization by learning pose-free or
COLMAP-free Gaussian reconstruction from unposed im-
age collections [35, 52, 165]. In online perception, Gaus-
sians can also be updated incrementally from streaming ob-
servations, as demonstrated in Gaussian Splatting SLAM
and dynamic 3DGS variants [93, 96].

4. 3D Learning Paradigms and Applications
Modern 3D vision has increasingly shifted from explicit ge-
ometry pipelines toward learned systems that couple repre-
sentation design, supervision, and practical utility [67, 144,
157]. To provide a clear conceptual map, this section is
divided into two distinct parts. First, we discuss the core
3D learning and rendering paradigms that dictate how neu-
ral networks encode and supervise geometric data. Second,
we explore how these fundamental paradigms are deployed
across downstream applications, ranging from object recon-
struction and scene generation to interactive 4D world mod-
els.

4.1. Preliminary: Differentiable Rendering
Early learning-based 3D methods often relied on direct 3D
supervision, where losses such as Chamfer distance, Earth
Mover’s Distance, or volumetric TSDF errors were com-
puted explicitly in 3D space [15, 27, 107, 109, 155]. Al-
though conceptually simple, these objectives become com-
putationally prohibitive for dense voxels or high-resolution
surfaces. A pivotal transition came from differentiable ren-
dering frameworks (e.g., Neural Mesh Renderer, Soft Ras-
terizer, OpenDR) [66, 88, 89]. By backpropagating through
the image formation process, these methods replace explicit
3D supervision with image-plane losses on color, depth, or
silhouettes:

Lphoto =

N∑
i=1

∥∥Ii −R(Mθ, Pi)
∥∥2

where R is the differentiable rendering operator, Mθ is
the 3D representation, and Pi denotes the camera param-
eters [67]. The evolution of this rendering operator defines
the computational limits of 3D learning:
• Volume Rendering (NeRFs): Early continuous frame-

works utilized ray-marching and volumetric integration.
While physically principled, the dense multi-layer per-
ceptron (MLP) queries along each ray made end-to-
end training on high-resolution data computationally pro-
hibitive [38].

• Tile-based Rasterization (3DGS): The introduction
of 3D Gaussian Splatting revolutionized the rendering
bridge. By replacing implicit MLPs with explicit 3D
Gaussians and utilizing a highly optimized, differentiable

α-blending rasterizer, 3DGS reduced rendering times
from seconds to milliseconds. This breakthrough directly
enabled the training of massive, feed-forward 3D founda-
tion models [71].

4.2. Learning Paradigm for End-to-End Geometric
Foundation Models:

Building on image-plane supervision, image-aligned repre-
sentations have emerged as a leading paradigm because they
preserve dense per-pixel structure while keeping learning in
the 2D domain [83, 141, 144]. Several foundational formu-
lations define this space:
• DUSt3R [144]: Learns through confidence-weighted re-

gression on image-aligned 3D outputs without explicit
multi-view optimization at training time:

Lpmap =
∑
i

(∥Ci ⊙ (Pi − P ∗
i )∥ − α logCi) (1)

where Pi and P ∗
i are predicted and ground-truth 3D

points, and Ci models aleatoric uncertainty.
• VGGT [141]: Scales the image-aligned paradigm to

large multi-view sets by jointly optimizing a multi-task
objective for reusable geometric backbones:

Ltotal = Lcamera + Ldepth + Lpmap + λLtrack (2)

• RayZer [62]: Factorizes input into camera and scene rep-
resentations to train entirely through 2D self-supervised
reconstruction, without explicit 3D geometry:

LRayZer = ∥Îtarget(P̂target)− Itarget∥22 (3)

• π3 [145]: Enforces permutation-equivariant supervision
over unordered image sets by optimizing local point maps
(Xi) and relative poses (Ti→j):

Lπ3 = Llocal(Xi, X
∗
i ) + Lrelative(Ti→j , T

∗
i→j) (4)

• Depth Anything 3 [83]: Collapses multiple geometric
heads into a unified depth-plus-ray representation R ∈
RH×W×6 (origin and direction):

LDA3 = Ldepth(D,D∗) + Lray(R,R∗) (5)

Optimization via Generative Priors and Structured
Latents: When explicit 3D data is scarce, learning
paradigms shift toward distilling priors from large-scale
2D models or utilizing structured latent spaces. Meth-
ods like DreamFusion and Magic3D optimize neural fields
through Score Distillation Sampling (SDS) [82, 106]. More
recently, models have moved toward Native 3D Geo-
metric Foundation Models. TRELLIS learns structured
3D latents decodable into radiance fields, Gaussians, or
meshes [157]. Concurrently, SAM 3D formulates learn-
ing as Rectified Conditional Flow Matching (RCFM),



uniquely breaking the 3D data barrier through a Model-in-
the-Loop (MITL) data engine where generative outputs are
human-vetted to create recursive supervision [10].

The Synergy of Reconstruction and Generation: His-
torically treated as separate domains, Geometric Founda-
tion model now heavily couple reconstruction and gen-
eration. Generation for Reconstruction utilizes genera-
tive priors (e.g., RCFM or diffusion) to hallucinate miss-
ing geometry in ill-posed, sparse-view settings [10, 124].
Conversely, Reconstruction for Generation extracts rigid
geometric scaffolding to constrain generative models to
physically consistent layouts. This synergy increasingly
operates within shared latent spaces, enabling a contin-
uous data flywheel where synthetic generation and auto-
mated reconstruction mutually improve the training cor-
pus [10, 63, 144].

4.3. Downstream Applications
The 3D vision field has also rapidly expanded its applica-
tive scope by leveraging the rendering techniques, image-
aligned representations, and End-to-End 3D Geometric
Foundation Model.

3D Reconstruction: 3D reconstruction seeks to recover
object or scene geometry from visual inputs. Classical
pipelines relied on Structure-from-Motion (SfM) and multi-
view stereo [36, 121], which are mathematically principled
but brittle under sparse views or weak texture. Modern ap-
plications replace these bottlenecks entirely with the afore-
mentioned image-aligned neural backbones, enabling ro-
bust, end-to-end recovery of point maps, depth, and cam-
eras directly from uncalibrated imagery, even in zero-shot
or single-view scenarios [83, 143, 144].

3D Asset and Scene-Level Generation: To circumvent
the slow per-prompt optimization of SDS, modern as-
set generation employs feed-forward multi-view recon-
struction. Multi-view diffusion models synthesize view-
consistent images, which Large Reconstruction Models
(LRMs) instantly map into meshes, tri-planes, or Gaus-
sians [54, 87, 124, 134, 159]. Beyond isolated objects, ap-
plications are scaling to composition and layout. Frame-
works like 3D-SceneDreamer and AnyHome target open-
vocabulary generation of structured, navigable indoor en-
vironments with explicit room and object-level organiza-
tion [33, 171].

3D Consistent Video Generation: Large video diffu-
sion models (VDMs) generate visually stunning content but
struggle to preserve stable geometry across time and camera
motion. Applications in this domain focus on injecting 3D

paradigms to regulate generation [53, 140]. 3D Geometric
Preference Alignment uses 3D consistency as a reward sig-
nal, applying Direct Preference Optimization (DPO) based
on epipolar Sampson distance or distilled geometric priors
from 3D Geometric Foundation Model suppresses physi-
cally implausible in videos [25, 76]. Feature-Level Forc-
ing aligns latent diffusion features with depth or epipolar
lines during denoising [136, 150]. Furthermore, 3D-Aware
Control conditions video synthesis on dense 3D trajectories
(e.g., Diffusion as Shader), providing precise spatial manip-
ulation over the generated motion [42].

4D Rendering and 3D World Models: The application
of 3D vision is expanding toward temporally persistent sim-
ulation. 4D Rendering extends static Gaussian splatting
with deformation fields, representing motion as structured
3D evolution rather than a sequence of 2D frames, enabling
real-time rendering of dynamic topologies [149, 152]. Ex-
tending this concept, 3D World Models aim to predict fu-
ture states for planning. Unlike 2D sequence rollouts, mod-
els like PointWorld and ParticleFormer push the state space
into persistent 3D points or particles [59, 60]. This ensures
temporal consistency, strict multi-view faithfulness, and re-
alistic physical interactions as evaluated by benchmarks like
WorldSimBench [112].

Spatial Intelligence in Vision-Language-Action: The
ultimate practical application of 3D world models lies in
Embodied AI. Instead of mapping 2D image tokens directly
to embodiment-specific motor outputs (e.g., joint torques),
modern 3D-VLA systems ground perception, language, and
robotic control in shared 3D representations [55, 57, 160].
By representing intent as 3D point flows or spatial trajecto-
ries, these frameworks dramatically improve viewpoint ro-
bustness, enable cross-embodiment generalization, and un-
lock complex spatial reasoning for physical agents [60].

5. Dataset and Benchmark
While Sec. 3 examined the structural spectrum of 3D rep-
resentations, their practical impact is ultimately mediated
through benchmark datasets, which establish learning ob-
jectives, task formulations, and evaluation protocols. We
categorize existing datasets along four orthogonal axes: (1)
Data modality (RGB-D, point cloud, mesh, multi-view
images, implicit fields, Gaussians); (2) Spatial granu-
larity (object-level, scene-level (indoor/outdoor), human-
centric (face/hand/body), or mixed); (3) Task formula-
tion (segmentation, correspondence, reconstruction, gen-
eration); and (4) Temporal dimension (static 3D ver-
sus dynamic 4D). This lens is increasingly important be-
cause recent benchmarks no longer merely collect data;
they also encode the assumptions of modern 3D pipelines,



Table 2. Representative 3D datasets and benchmarks reviewed in this survey.

Dataset Year Description
SAM 3D Body [163] 2025 Promptable foundation model for full-body HMR with 5M+ 3D samples
GigaHands [34] 2025 3D bimanual hand dataset with mesh and text labels
InteriorGS [129] 2025 Synthetic indoor scenes with trajectories and dense labels
HPSketch [28] 2025 A history-based parametric CAD sketch dataset
CBF [22] 2025 CAD B-rep models composed of a base plate plus three geometric features
EgoExo4D [40] 2024 Large-scale egocentric and exocentric video dataset with 3D human pose
Parametric 20000 [11] 2024 Multi-modal CAD shapes with point cloud, triangle mesh, and B-Rep file
WildRGB-D [156] 2024 Real RGB-D object videos with 360° views and masks
BRep2Seq [170] 2024 CAD dataset of B-rep solids paired with construction sequences
EgoHumans [72] 2023 Multi-view egocentric dataset for 3D human-human interaction
Aria Synthetic Environments [103] 2023 Synthetic indoor scenes with realistic device paths and labels
DL3DV-10K [84] 2023 Multi-view dataset across 65 scene types for view synthesis
PointOdyssey [177] 2023 Synthetic videos for long-term fine-grained point tracking
Aria Digital Twin [103] 2023 Egocentric dataset with 3D object & human pose
ScanNet++ [166] 2023 High-fidelity indoor scans with RGB-D and dense labels
Objaverse [24] 2023 Large 3D mesh-text pairs for multimodal learning
DIVA-360 [90] 2023 Multi-view dataset for dynamic neural fields
H3WB [181] 2022 Whole-body 3D keypoints for Human3.6M dataset
Kubric [41] 2022 Synthetic generator for scenes/objects with annotations
Amazon Berkeley Objects [17] 2021 Real-world objects with CAD, materials, and image alignment
HM3D [115] 2021 Building-scale indoor meshes with high fidelity
Fusion 360 Gallery Dataset [148] 2021 CAD dataset with meshes and assembly data
CO3Dv2 [116] 2021 Multi-view images + point clouds for 50 object categories
HyperSim [118] 2021 Photorealistic indoor scenes with dense annotations
Habitat 2.0 [132] 2021 Interactive apartments with articulated objects
StrobeNet [169] 2021 Articulated-object dataset with joints and implicit shapes
RELLIS-3D [64] 2020 Multi-sensor dataset for outdoor segmentation
Virtual KITTI 2 [4] 2020 Synthetic KITTI clones with varied conditions
FaceScape [161] 2020 High-quality textured 3D face scans with expressions
3D-FRONT [32] 2020 Synthetic furnished rooms with semantic layouts
3D-FUTURE [31] 2020 CAD furniture models with aligned textures
SketchGraphs [123] 2020 CAD sketches represented as geometric-constraint graphs
Structured3D [176] 2020 Synthetic photorealistic scenes with structure labels
Mapillaryc [26] 2020 Street-level dataset for place recognition
ScanObjectNN [138] 2019 Real-world point clouds with clutter and occlusion
ABC [74] 2019 CAD models with analytic geometry and labels
BlendedMVS [164] 2019 MVS dataset mixing rendered and real images
Replica [130] 2019 Realistic indoor reconstructions with dense labels
3DPW [139] 2018 First dataset with video and 3D ground truth from IMUs in the wild
RealEstate10K [180] 2018 YouTube real-estate videos with camera poses
MegaDepth [80] 2018 Internet photos with dense depth from SfM/MVS
DeepMVS [58] 2018 Synthetic MVS images with ground-truth matching
ScanNet [19] 2017 RGB-D scans with semantic meshes and CAD alignments
Matterport3D [6] 2017 RGB-D scans with panoramic views and segmentation
Thingi10K [179] 2016 3D printable meshes for shape analysis
Semantic3D [46] 2016 Outdoor point clouds ( 4B pts) with semantic labels
SceneNN [56] 2016 Indoor RGB-D reconstructions with semantic labels
A Large Dataset of Object Scans [13] 2016 Real object scans from diverse environments
Virtual KITTI [37] 2016 Synthetic KITTI sequences with full labels
ShapeNet [7] 2015 Large CAD dataset with rich annotations

This list is not exhaustive; we will maintain an updated version on our GitHub.

from image-aligned reconstruction to 3DGS-native learn-
ing [63, 84, 129, 166].

As illustrated in Figure 2, dataset releases have surged
over the past decade, reflecting both advances in sensor
technology and growing demand for 3D benchmarks. The
updated counts from the show two especially active release
since 2020, suggesting that benchmark growth is driven not

by a steady linear trend but by bursts tied to new sens-
ing pipelines and model families. Recent examples al-
ready show three distinct scaling directions: high-fidelity
real capture in curated settings (e.g., ScanNet++ [166]), in-
the-wild object-centric RGB-D acquisition (e.g., WildRGB-
D [156]), and large synthetic or semi-synthetic corpora for
long-range correspondences and scene reconstruction, such
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Figure 2. Summary statistics for the 50 representative datasets listed in Tables 2. The release timeline shows in (a). The modality chart in
(b) replaces the previous pie chart because benchmark modalities are multi-label rather than mutually exclusive. The granularity chart in
(c) shows that object-centric and indoor-scene benchmarks currently dominate the landscape.

as PointOdyssey [177] and DL3DV-10K [84]. Modality
coverage also remains highly uneven: mesh-backed datasets
(28/50) and multi-view benchmarks (25/50) are much more
common than voxel (3/50) or implicit-field (1/50) datasets.
Spatially, object-centric (18) and indoor-scene (13) datasets
dominate, while mixed and outdoor settings remain com-
paratively scarce. We provide a comprehensive breakdown
of these statistics in Table 2, further underscores this frag-
mentation.

Another recent shift is that benchmark construction itself
is becoming model-aware. MegaSynth uses synthesized
scenes to scale pretraining for scene reconstruction, while
InteriorGS provides semantically labeled indoor scenes di-
rectly in the 3D Gaussian Splatting regime rather than only
in meshes or point clouds [63, 129]. At the evaluation level,
suites such as WorldSimBench suggest that future 3D/4D
benchmarks must assess not only reconstruction fidelity but
also whether generative models behave like usable simula-
tors under long-horizon, physically grounded tasks [112].

Despite rapid progress, these trends expose fundamen-
tal gaps. Current benchmarks still lack large-scale, multi-
modal coverage that simultaneously supports heteroge-
neous representations (e.g., points, meshes, splats, and im-
ages), temporal consistency, and open-world generaliza-
tion. Scene datasets such as ScanNet++ [166] and DL3DV-
10K [84] emphasize geometry and view diversity, object
datasets such as WildRGB-D [156] emphasize real-world
capture, and synthetic datasets such as PointOdyssey [177],
MegaSynth [63], and InteriorGS [129] emphasize control-
lable scale or representation alignment; few benchmarks
combine all of these attributes within one unified protocol.

Bridging these gaps will require datasets that balance scale
with diversity, minimize annotation overhead, and support
both synthetic and in-the-wild scenarios—providing the
foundation for robust and generalizable 3D/4D learning.

6. Conclusion

We offer a data-centric view of 3D vision, unifying repre-
sentations, datasets, and learning paradigms into a coher-
ent framework. By tracing the trade-offs among different
data representations, we clarify how efficiency, fidelity, and
scalability jointly shape representation design. We further
mapped the benchmark landscape and reviewed the evolu-
tion from geometry-based methods to neural implicit fields
and 2D-supervised pipelines, highlighting how supervision
regimes co-evolve with data availability.

Despite remarkable progress, key challenges remain:
fragmented datasets hinder fair comparison, voxel- and
mesh-based approaches struggle with scalability, and gen-
eralization beyond curated domains is still limited. At the
same time, emerging areas—such as 4D spatiotemporal
reasoning, physics-aware modeling, and world-consistent
video generation—call for tighter integration of 3D priors
with multimodal and physical signals.

Looking ahead, we see three promising directions: (i)
unified benchmarks and evaluation protocols that span ob-
jects, scenes, and dynamics; (ii) cross-modal and 2D-
supervised learning strategies that exploit large-scale im-
age data while preserving geometric grounding; and (iii)
scalable, real-time representations, from Gaussian splats to
parametric CAD, that balance efficiency with fidelity.
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